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Drug discovery, or why we need synthesis planning
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Main approaches:
» end-to-end — e.g. unconstrained Transformer
« symbolic — e.g. predicting the graph edit
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Top-k single-step prediction accuracy
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Template (graph rewrite) library
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Single-step prediction: going symbolic

Top-k single-step prediction accuracy
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Single-step prediction: going symbolic

Top-k single-step prediction accuracy

90% 1
80% + template encoder & localization
70% 1

60% -

50% -

40% -




Hidden trade-offs

Top-50 accuracy vs template support

100% -

80% 1

60% 1

40% 1

20% -

1 2 3 5 10 30 100 300 1k 3k
Frequency lower bound



Hidden trade-offs

Top-50 accuracy vs template support

100% -

80% 1 End-to-end transformer

60% 1

40% 1

20% -

1 2 3 5 10 30 100 300 1k 3k
Frequency lower bound



Hidden trade-offs

Top-50 accuracy vs template support

100%1{ Symbolic template-based model
80% End-to-end transformer
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Chimera

Top-k single-step prediction accuracy
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Chimera

Top-k single-step prediction accuracy Top-50 accuracy vs template support
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